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Abstract—Wind power fluctuation is a major concern of large
scale wind power grid integration. To test methods proposed for
wind power grid integration, a large amount of wind data with
time series are necessary and will be helpful to improve the
methods. Meanwhile, due to the short operation history of most
wind farms as well as limitations of data collections, the data
obtained from wind farms could not satisfy the needs of data
analysis. Consequently, synthetic generation of wind data series
could be one of the effective solutions for this issue.
In this paper, a method is presented for generating wind data
series using Markov chain. Due to the high order Markov chain,
the possibility matrix designed for a wind farm could cost a lot of
memory, which is a problem with current computer technologies.
Dynamic list will be introduced in this paper to reduce the
memory required. Communication errors are un-avoidable on
long way signal transmission between the control centre and
wind farms. Missing of data always happens in the historical
wind data series. Using these data to generate wind data series
may result in some mistakes when searching related elements in
the probability matrix. An adaptive method will be applied in
this paper to solve the problem.
The proposed method will be verified using a set of one-year
historical data. The results show that the method could generate
wind data series in an effective way.
Index Terms—Synthetic generation, wind power, renewable en-
ergy integration, power fluctuations, Markov chain
I. INTRODUCTION
Renewable energy integration has been regarded as a key
target for the future development of Smart Grid [1]–[6]. With
more wind farms connected to the power system, the impacts
of wind energy on the system can not be neglected. To follow
the distribution of wind resources, one wind farm could have
hundreds wind turbines. The power fluctuation at the accessing
point of a wind farm to the power grid could significantly
affect the frequency of the grid [7]–[10]. Some solutions
have been proposed to mitigate the negative effects caused by
power fluctuations, such as wind and energy storage hybrid
systems [11], demand side management [12], and new control
strategies for wind turbines [13]. To test these solutions,
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various mathematic models of wind power generation have
been developed to simulate the behavior of wind in power
systems. These models all require time-varying wind data as
input data. As a result, how to provide sufficient wind data
time series becomes a key issue in wind power study and
testing.
A long-period historical data obtained continuously from
a wind farm is certainly the best data sources. However,
obtaining continuous historical data for a long time is difficult
for any wind farm. Methods have been proposed to generate
wind data time series. In [14], wind data is generated by a
proposed model, which is trained using historical data. The
method can also be used to predict the output of a wind farm.
A method with random variance is proposed in [15] to generate
wind data time series for multiple wind farms using historical
data from a reference site as an input. in these two methods,
wind data are generated by training historical data instead
of directly from historical data. the statistic characteristics of
generated data might be different from the original historical
data.
Different from above methods, Markov chain based s-
tochastic models can generate wind data time series with
the same statistical parameters, especially for the difference
of wind power time series between two continuous points.
The statistical results of Markov chain model with different
state sizes were discussed in [16]. Markov chain models with
different dimensions of possibility matrix have been studied.
The statistical characteristics of these models were discussed.
It was found that the dimension of the possibility matrix is
a key factor for Markov chain model to generating data. The
factor of time intervals to Markov chain models have been
studied in [17]. It shows that Markov chain model with a
time interval within a minute usually produces large error
when generating wind data time series. Further more, it shows
that increasing the order of Markov chain model is helpful in
obtaining a more accurate result.
The paper is organized as following: The model of Markov
Chain will be introduced in Section II. The methods of
dynamic list and dynamic state size will be described in
Section III. The results of case study will be presented and
discussed in Section IV and Conclusions in Section V.
978-1-4673-4896-6/13/$31.00 ©2013 IEEE
II. MARKOV CHAIN MODEL
Markov chain is usually used for describing stochastic
process, especially for the cases that current states are decided
by previous states [18]. Wind energy could be considered as
a random process. As wind is a continuous process in natural,
wind speed at any time is strongly related to previous wind
speeds. Consequently, wind speed time series can be modeled
using Markov chain model. Based on historical wind data time
series, a transition possibility matrix of wind speed transition
can be set up as followings:
⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
a1,1 a1,2 · · · · · · · · · a1,j−1 a1,j
a2,1 a2,2 · · · · · · · · · a2,j−1 a2,j
...
...
. . .
...
...
...
...
. . .
...
...
...
...
. . .
...
...
ai−1,1 ai−1,2 · · · · · · · · · ai−1,j−1 ai−1,j
ai,1 ai,2 · · · · · · · · · ai,j−1 ai,j
⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
(1)
where, ai,j represents the number of times wind speed chang-
ing from state i to state j in the historical data.
The summation of each row in (1) represents the total
number of times that previous wind speed states belong to
state i. Elements of possibility matrix can be obtained using
(2) to represents wind speed transition.
bi,j = ai,j/
n∑
k=1
ai,k (2)
where, bi,j represents the transition possibility from state i to
state j.
Then a uniform distributed random number R, which is
between 0 and 1, will be created to generate wind speed time
series base on (2). The reformed possibility matrix can be
obtained using (3).
ci,j =
j∑
k=1
bi,k (3)
where, ci,j represents the summation of transition possibility
from state 1 to state j in row i in (2).
Once the matrix C is generated using historical wind data
time series, random number R is used to generate wind speed.
Comparing R with the elements ci,j (j = 1, 2, ..., n), if R is
smaller than ci,j , the next wind speed belongs to state j. In
this way, wind speed time series with unlimited length could
be generated from historical data.
The proposed method could be extended to a higher order
Markov Chain model to improve data generating accuracy.
A fifth order Markov Chain model will be implemented in
the following section as an example. Elements a i,j , bi,j , ci,j
will be converted to ai,j,k,l,m, bi,j,k,l,m, ci,j,k,l,m to save the
memory used for transition possibility matrix.
III. IMPLEMENTATION OF SYNTHETIC GENERATION
A. Dynamic List
In this paper, we use a fourth order Markov Chain model
with a state size of 350. It requires 3505 ∗ 8, which is 42T
bytes memory. This memory requirement is not an easy task
to be implemented in a PC system. However, lots of elements
in the matrix are equal to zeros as lots combinations of wind
speed time series are not exist in the historical data set. As
a solution, dynamic list is applied in this paper to save the
possibility matrix as a sparse matrix.
1st State  Index       i1
2nd State  Index       j1
3rd State  Index       k1
4th State  Index       l1
5th State  Index      m1
Possibility                p1
Next Tag                  *next
……
1st State  Index        i2
2nd State  Index        j2
3rd State  Index       k2
4th State  Index       l2
5th State  Index       m2
Possibility                  p2
Next Tag                  *next
1st State  Index       in
2nd State  Index       jn
3rd State  Index       kn
4th State  Index       ln
5th State  Index      mn
Possibility                 pn
Next Tag                  *next
Fig. 1. The Structure of Dynamic List for Possibility Matrix
The structure of proposed dynamic list is shown in Fig.1.
As the search direction of possibility matrix is one direction,
the single-direction dynamic list is applied to obtain simple
structure. The list follows decreasing sequence of m, l, k, j, i.
B. Dynamic State Size
Data discontinuation is another issue in generating data
using historical data. This is unavoidable with existing data
transmission technologies due to the long distance between
wind turbines and control centre. The discontinuity of histor-
ical data will result in failures of generating wind data time
series, when searching in the transition possibility matrix with
random number R.
Using a wind data series as an example. Assume the data
time series is 10-23-45-24-34 in the historical wind data. The
sequence terminates at state 34 due to communication errors,
and the sequence 23-45-24-34 only appears once in the whole
historical data. In the case that generated wind speed is state
23, following the historical data, state 45, 23, 34 should be
generated as a sequence. However, because of the interruption
after state 34, the next wind speed could not be generated. In
order to solve the issue, a transition possibility matrix with
smaller state size will be selected to reduce the discontinuity
in the transition possibility. As a trade off, the accuracy of data
generated by the smaller-sized transition possibility matrix is
reduced accordingly.
A dynamic state size method has been proposed to solve the
issue in this paper. The principle of the method is that once
the data interruption is detected during the search process,
the state size automatically reduces to the half of the original
size to maintain the continuity in possibility matrix, and the
matrix size will be restored to the original size in the next data
generation process. This method requires multiple transition
possibility matrixes, which could cost more memory. The
possible increased memory requirement can be mitigated by
applying dynamic list technology.
C. Wind Speed Time Series Generation Process
The process of wind data time series generation could be
divided into 3 steps. First, historical wind speed time series
data is input and converted into discrete states. Based on
the converted discrete data states, transition possibility matrix
ai,j is created and transfered to matrix bi,j and ci,j for wind
speed time series generating. Second step, uniform distributed
random number R is then generated according to matrix c i,j .
In the situation of discontinued data, matrix C can not generate
corresponding wind speed time series with number R, the
size of matrix C will be reduced dynamically to provide a
solution. The data generating process is described as the flow
chart shown in Fig.2. Computer program based on the flow
chart can be programmed to generate required wind data time
series.
Import historical 
data file
Start
Set up transition 
possibility matrix A
Convert Matrix A to 
matrix C
Generate Random 
Number R
Generate 
Wind Speed 
time series 
successful?
Generate 
required 
data?
Y
N Reduce the size of 
state of matrix C
Generate 
Wind Speed 
time series 
successful?
N
Y
N
Save generated 
wind data
Y
Finish
Fig. 2. The Flow Chart of Wind Speed Time Series Generation
IV. CASE STUDY
A. Historical Wind Data Time Series
A three-year historical wind data time series is used for case
study. The data is recorded in a wind farm located at the U.S.
with ID 18 in the data base of NREL.
Fig.3 shows the historical wind speed time series of the
wind farm. Fig.4 shows the histogram for the same farm. The
time interval of the historical data is 10 minutes. There are
157,824 data points in the historical data. The average wind
speed is 7.95 m/s.
Fig.5 shows the historical for differential wind speed time
series. Fig.6 shows the histogram for the differential wind
speed time series. The average value of differential wind speed
is -3.74 e-4 m/s, which can be regarded as zero. The standard
deviation for the differential data is 0.534.
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Fig. 3. The Historical Wind Speed Time Series from 2004 to 2006
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Fig. 4. The Histogram of Wind Speed Time Series from 2004 to 2006
0 1 2 3
15
10
5
0
5
10
15
Time (year)
W
in
d 
Sp
ee
d 
D
iff
er
en
ce
 (m
/s
)
Fig. 5. The Historical Differential Wind Speed Time Series in 3 Years
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Fig. 6. The Histogram of Historical Differential Wind Speed Time Series in
3 Years
Fig. 7. The Distribution of Wind Speed States for two conjoint time points
Fig.7 shows the distribution of wind speed states with two
conjoint time points. The figure shows that the wind speed
in most-of-time keeps the same as previous state and most
probably will not jump to a far away state. The centre of
statistical result is around the average wind speed.
B. Data Series Generation
The wind speed time series has been generated for an
extended three years based on the proposed 4 th order Markov
chain method and programs.mentioned in Section III.
The generated extended 3 years wind speed time series is
shown in Fig.8. The average wind speed for the generated data
is 7.00 m/s, which is less than the average of the historical
wind data but still in an acceptable region. The histogram of
the generated wind data is shown in Fig.9. The distribution
of generated wind speed time series generally follows the
distribution of historical wind data. The centre has shifted
to the left about 1m/s, which is similar to the difference
of average wind speed between historical wind data and
generated wind data.
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Fig. 8. The Generated 3 Years Wind Speed Time Series
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Fig. 9. The Generated 3 Years Wind Speed Time Series
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Fig. 10. The Difference of Generated Wind Speed Time Series in 3 Years
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Fig. 11. The Histogram of Generated Difference Wind Speed Time Series
in 3 Years
Fig.10 and Fig.11 show the results of generated wind speed
time series in differential mode. The average wind speed for
differential mode is -0.146 e-4 and the standard deviation
is 0.5585, which are very close to the historical wind data.
As the differential wind speed data can directly represent the
power fluctuation of wind farm, generated wind speed time
series are mainly used to study the power fluctuations of wind
farms. Consequently, the statistical characteristic of differential
wind speed time series are more important than the original
wind data. The proposed 4th order Markov chain model could
provide a high accuracy in generating differential wind speed
data.
Fig. 12. The Distribution of Wind Speed States for two conjoint time points
The distribution of generated wind data states for two
conjoint time points is shown in Fig.12. The 4 th order Markov
chain model can keep the characteristics of two conjoint steps
as the historical wind speed time series, which is important
for the study of power fluctuations of wind farms.
The comparison of historical and generated wind speed time
series can be summarized in Table I.
TABLE I
THE COMPARISON OF HISTORICAL AND GENERATED WIND SPEED TIME
SERIES
Item Historical Data Generated Data
Length 3 years 3 years
Average Wind Speed 7.95 (m/s) 7.00 (m/s)
Standard Deviation 4.21 4.13
Average Wind Speed in Diff -3.74e-4 -1.46e-4
standard Deviation in Diff 0.534 0.5585
V. CONCLUSIONS
A wind data generation method with 4th order Markov chain
model has been proposed in this paper. Several technologies
have been introduced to implement such model with a com-
puter program. Based on a 3 year historical operation data
of a wind farm, an extended 3 year wind speed time series
data has been generated. Results show that the generated wind
speed time series could follow the statistical characteristic of
historical data, especially in the differential mode.
Attributing to the integration of dynamic list method for
recording the transition possibility matrix, a higher order
Markov chain model could be implemented in the future when
needed. The generated wind data according to historical wind
data with high accuracy will be contributed to the study of
renewable energy integration.
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